Abstract Transactions through the web are now a progressive mechanism to access an ever-increasing range of services over more and more diverse environments. The internet provides many opportunities for companies to provide personalized online services to their customers, but the quality and novelty of some web services may adversely affect the appeal and user gratification. In the future, prediction of the consumer intention needs to be a main focus for selecting the web services for an application. The aim of this study is to predict online consumer repurchase intentions; to accomplish this objective a hybrid approach is chosen with a combination of machine learning techniques and artificial bee colony (ABC) algorithm being used. The study starts with identification of consumer characteristics for repurchase intention, followed by determining the feature selection of consumer characteristics and shopping mall attributes (with [0.1 threshold value) for the prediction model using ABC. Finally, validation using k-fold cross has been employed to measure the best classification model robustness. The classification models, viz. decision trees (C5.0), AdaBoost, random forest, support vector machine and neural network, are utilized to predict consumer purchase intention. Performance evaluation of identified models on training-testing partitions (70-30%) of the data set shows that the AdaBoost method outperforms other classification models, with sensitivity and accuracy of 0.95 and 97.58%, respectively, on testing the data set. Examining the consumer repurchase intentions by considering both shopping mall and consumer characteristics makes this study unique.
Introduction
Across the world, rapid development of information and communication technologies (ICTs), particularly the adoption of the internet, has exponentially increased the trend of online shopping, popularly known as business to consumer e-commerce (B2C). In particular, India has an emerging scope for the e-commerce market. It has been predicted that by 2019, about 70.7% of internet users in India will purchase products online (Statista [80] ). This change has been triggered by several factors; these include convenience, variety of products, easy return policy, reviews from users, independence from language and platforms leading to the application of utility maximization and providing easy access to today's busy lifestyle [47] .
With an exponential growth of e-services (electronic services), industries are trying to improve their competitive edge by focusing their resources on the virtual business environment [64] . Mohanty et al. [63] also opined that efficient business processes and automation had become the foremost priority for business firms. The rise in e-commerce has forced businesses to make unprecedented structural changes [18] . Lai [48] suggested several benefits arising from e-services for business such as increased competitive strength and diverse channels of communication. Despite these benefits, the growth of e-services has thrown up numerous challenges such as intense competition among firms [48] . The prevalent challenge for the service provider is the dynamic buying behavior pattern of consumers. Numerous studies have recognized that when consumers adopt new technologies, their behaviors change [17] . Therefore, to survive in this fast changing competitive business environment, loyalty and intention of the customer toward the service provider play a vital role in customer satisfaction. Although it is a challenge to judge and predict online customer intention and their requirements, it can be analyzed through past data and customer intention when there is no individual interaction between sellers and buyers [2, 44] . Many firms utilize information technologies such as data mining techniques to extract customer data to validate their strategic plans before implementation [2, 79] . Data mining techniques is a subfield of computer science and has been utilized in business, helping enterprises to support knowledge discovery and decision making [1, 76, 77, 79] . Examples of techniques are product mix analysis, market segmentation, customer segmentation, direct marketing, fraud detection, churn analysis, inventory analysis, etc. However, research on online consumer repurchase intention has been limited in the area of consumer marketing and only rarely has a combination of ABC and data mining techniques been used by researchers in this context. For the purposes of this research, repurchase intention is expressed as ''continuance intention to do online shopping.' ' Online services can successfully compete with their offline counterparts if they understand the numerous influencing factors of electronic purchasing intention of the customer. There are numerous studies investigating the relation between website customer satisfaction and quality during online shopping [4, 8, 29, 39, 51, 63, 77] . However, most of these studies either investigate the relationship between shopping mall characteristics and consumer repurchase intention or between consumer characteristics and consumer repurchase intention. Specific research which considers simultaneously both shopping mall and consumer characteristics to examine the consumer repurchase intention is lacking. Therefore, this study is a unique attempt to fill this literature gap and aims to predict online consumer repurchase intention by examining the characteristics of both consumers and shopping malls. To achieve this objective, an ABC algorithm has been employed for the selection of features. ABC is a swarm-based algorithm and a tool for intelligent optimization with enough capabilities to find a good solution within a reasonable running time [36, 37] . With regard to feature selection problems, ABC is a high-performing algorithm and gives better results compared to other population-based algorithms [3, 36] . Therefore, for prediction of consumer repurchase intention, several classification models based on intelligent techniques have been used in conjunction with ABC; these include decision trees (C5.0), AdaBoost, random forest (RF), support vector machine (SVM) and neural network (NN).
The work has been organized into seven sections. The Sect. 2 discusses the conceptual framework of the research model. The Sect. 3 designates the dataset, ABC algorithm and description of machine learning models. The Sect. 4 details the methodology adopted to achieve the objectives. The Sect. 5 presents the model evaluation, while the Sect. 6 deliberates the results obtained and gives managerial implications. The conclusion along with limitations and future directions of the study has been given in the last section.
Conceptual framework
There are several factors that affect online consumer buying behavior; the current study is focused on consumer and shopping mall characteristics as discussed below.
Consumer characteristics
Existing research indicates that shopping value derived from online shopping explains the characteristics of consumers [12, 44, 50] . Consumer characteristics play a central role in driving the dynamics of information seeking [34] ; this, in turn, influences online buying behavior of specific products. Attractive features of products make a positive impact on the orientation of consumers [27] . Online customers like to buy products with attractive features; they like excitement and to try new things [59] . Product customization aims to ensure that such customers find new and interesting products according to their interests and expectations [57] .
Tremendous changes have been recognized in consumption pattern, purchasing behavior and brand consciousness of consumers from the period of post-liberalization. Brand conscious customers tend to buy luxurious, classy and well-established brand products that are extensively advertised [26] . Such online shoppers know the value of branded products [57] . They prefer wellknown brands, globally advertised, expensive and bestselling. They are loyal toward particular brands and are perfectionists [6] . Novelty of products can give a feel of excitement to the consumers, which is reflected in their rapid consumption [9, 33] . At present, due to the huge flow of information related to new brands, new products and new stores, the consumer feels psychologically burdened. New brands and products attract interest, but the consumer feels confused and is reluctant to try out the products [75, 87] . Innovativeness is an impetus for the adoption of new products or services. Innovativeness plays an important role in regulating consumer attitude toward online purchases and their future intention to purchase; this has a direct impact on intention [83] .
With extensively advertised products, less risk-averse consumers try to identify any positive signs of poor products, while high risk-averse consumers watch for different viewpoints, or turn to shortcut buying approaches taking into account the price on offer, brand and store cues [13, 22] . High risk-averse consumers may additionally turn to knowledge acquisition designed to diminish the uncertainty related to purchases [68, 78] . This trait is characterized by consumers who feel confused due to information overload [22, 68] . Another characteristic of the online shopper is preference of one brand to another [16, 74] . Recommendation of products by others can impact on purchase intention before making the purchase online [74] . Factors discussed on platforms about online shopping are empowering consumers [69] . Empowerment may lead to switching suppliers while on the lookout for better value propositions [69] . Empowered consumers can anticipate value in shopping since they have access to all types of information, and so they constantly search for higher worth propositions [69] .
Shopping mall attributes
The perceptions about an online store can significantly affect people's purchase intention [40, 62, 89] and that perception can create an image in their mind set and directly impact on their purchasing behavior [62] . Good corporate reputation strengthens customer cross-buying intentions, enhancing the expectations of quality of service. It also leads to expectations of reduced costs as well as increase in knowledge and confidence in the organization's commitment to consumers [31, 84] . The degree of consumer satisfaction about the reputation of shopping malls depends on their global recognition and centralized distributed reputation systems [14, 30, 84] . In electronic purchases, consumers are more concerned about the return policy of the service provider and also about whether transactions at the online store are error-free [20, 67] . Consumers make online purchases for convenience, to save time, with 24 9 7 online shopping mall facilities being more advantageous for them [44, 67] . This means that consumers can regulate the time and energy spent on shopping [20] .
There is growing customer realization about social issues, with an expectation that firms show their commitment toward society. Markets are assessed on the basis of the degree of acceptance by the consumer of the concept of consumer responsibility; consumers buy an item or service not only for personal satisfaction but also for responsiveness to societal well-being [60] . Such consumers are socially conscious and share their personal information on a public platform with the aim of bringing social change through their purchasing power [28] . It is speculated that there is a substantial relation between online consumer decision-making and comparison shopping acceptability [68] . Nevertheless, consumer style is characterized by perfectionism, wanting retailers to provide ''perfect'' choices [44, 67] . This shows that they see these tools as valuable in organizing and providing alternative selections. Table 1 lists the features for online consumer buying intention prediction.
Data and methods
This study is divided into three phases. Initially, shopping mall and consumer characteristics for repurchase intention have been identified through a comprehensive literature review. Secondly, ABC has been used to determine the important features (with [0.1 threshold value). The classification models, viz. Decision trees (C5.0), AdaBoost, RF, SVM and NN, are utilized for prediction of consumer repurchase intention. Data have been collected through offline and online methods with a structured questionnaire using a 1-5 scale. Due to high internet penetration levels and experiences of online purchasing, target respondents of metro cities in India were chosen for this study. In the offline mode, judgment sampling is used to collect data. Judgment sampling is based on certain parameters, such as people who have made a purchase online and have internet experience. Pre-testing of the questionnaire has been carried out to examine the validity and applicability of the measure with the final prediction model developed as shown in Fig. 1 . Out of 430 questionnaires, 310 questionnaires were collected online and 120 from the offline survey. Nineteen were eliminated due to inappropriate responses. Details of respondents are depicted in Tables 2  and 3 .
Artificial bee colony (ABC)
ABC is a swarm knowledge-based algorithm and is motivated by the intellectual food scrounging conduct of bumble bees with every result known as a nourishment hot spot for bumble bees. Condition is established taking into account the nature of the food source. Honey bees are classified into onlooker bees, return on bees and scout bees.
Employed bees are regarded as onlooker bees and hunt out the sustenance source and gather data. Onlooker honey bees stay in the hive and explore for the nourishment sources on the premise of data assembled by the employed honey bees. Scout bees exploit new sources of food randomly in abandoned places. To achieve a robust solution, ABC takes iteration and works on three phases. Three kinds of parameters can be seen that help in the search process. The process of ABC is given below.
Machine learning methods
With the help of R, open source software classification models, as shown in Table 4 , have been used for prediction. Table 5 characterizes the parameter. Brief details of the model are given as:
1. Decision trees (C5.0): it is an extended version of C45 classification algorithms defined by Quinlan [70] . 2. AdaBoost: this algorithm is a simple, efficient and easy-to-use approach to building models [25] . 3. Random forest (RF): this is grounded on trees in a forest using random inputs [54] . X represents consumer characteristics; Y represents shopping mall attributes
Algorithm:
Initialize the parameters; while Termination criteria is not satisfied do
Step 1: Employed honey bee stage for producing new nourishment sources;
Step 2: Onlooker honey bee stage for overhauling the nourishment sources relying upon their nectar content;
Step 3: Scout honey bee stage to find new sustenance sources set up from deserted nourishment sources;
Step 4: Remember the best sustenance source discovered in this way; end while
Output the best solution found so far. 
Methodology
The methodology consists of seven stages as presented in Fig. 2 . In the first stage, the aim of the study is defined. The second phase includes feature identification through a literature review; these are related to the consumer as well as shopping mall characteristics. The third phase is all about development of interview questions. In the fourth phase, data are collected through a structured questionnaire. Reliability of the data is carried out in the fifth phase with filtering through correlation analysis. In the sixth phase, the ABC algorithm is applied. In the seventh phase, five machine learning models are trained and tested on the selected data set. Robustness of the models has been checked through K-fold in the last stage.
Internal consistency and validity measurement
Before using ABC for features selection, Eq. (1) has been used to calculate consistency:
where K represents the number of items, d
Y is for measurement of variance. Coefficient of reliability, i.e., Cronbach alpha, prefers high C0.70 [65] , and to measure convergent validity prefer [0.50, as mentioned in Table 6 . Thus, it can be wrapped up that the features in Table 6 have a high consistency or are fit for use in data collection.
Correlations and measure of sample adequacy
With the help of Eq. (2) below, the correlation between the explanatory variables has been collected to measure the relationship within the variable.
Correlation lies [0, 1] and value toward 1 [19, 24] is considered good. The correlation of each feature calculated by Eq. (2) showed that features have significant coefficient correlation with each other and lie between 0.25 and 0.85, indicating that there is no problem of prefect correction and weak correction among the features [19] . At this stage, we were not able to reduce or skip any feature because each has positive significant coefficient correlation. Statistical Package SPSS version 21.0 was used to calculate the antiimage correlation matrix to measure sampling adequacy for all features with anti-image highlighted in the diagonal of Table 7 ; these are above the acceptable level of 0.50 [19, 24] .
Feature importance using ABC
ABC assigns optimum weights to every feature owing to the defined objective function, as in Eq. (3). The prominent parameters in ABC are colony size, dimension of the problem, number of food sources, limits and the termination criteria. In this computational endeavor, a total of 2000 iterations have been considered.
where, T, P, R and n represent the number of instances in training the data set, physical and c properties, the feature and denote number of properties (eight in this case), respectively. W denotes the weight given to each feature defined in [0, 1]. The weights given to each feature after six different runs are given in Table 8 . The average energy weight is highest, while area has lowest average value; this signifies each feature importance in the data set. The same can be inferred from Table 8 . Since the weight given to each feature is optimum, all the features were selected for the experiment. Repurchase intention *X 3 ? X 5 ? X 7 ? X 8 ? X 12 ? Y 3 ? Y 5 ? Y 7 , where X 3 = customize products, X 5 = the best quality products, X 7 = fast purchasing, X 12 = value for money, Y 2 = save time, Y 3 = 24 9 7 online shopping facilities, Y 5 = online reputation, Y 7 = price comparison. After six runs of ABC analysis and taking the average of all six iterations, the features were ranked according to their weight as mentioned in Table 8 . Features with\0.1 threshold value were not given any rank and were not considered for model prediction through machine learning approaches. A brief description of selected features by ABC is given in Table 9 .
Model evaluation
Performance of the classifiers can be measured by different evaluation metrics depending on specific application. In this study, sensitivity and classification accuracy (S, C) have been considered for evaluating performance of the concerned machine learning classifiers. These metrics are determined by the classification output that comes from the confusion matrix. In this matrix, diagonal elements show the object similar to the actual label, whereas off diagonals show the misclassification information of the model. Let us consider n classes; then, confusion C ij of n 9 n defines the number of pattern of class i predicated in j and Eq. (4) for calculation of accuracy.
Sensitivity is defined by Eq. (5) given by Caballero et al. [11] .
where n represents classes and c is the matrix; the average can be calculated by Eq. (6) [11] .
The accuracy (A) for the classifier is defined in Eqs. (7, 8) :
where,
where 'a' and 'p' are actual and predicted target and n is the total number of instances. Table 10 presents the performance of five machine learning models on different parameters; it was found that AdaBoost outperforms the others. To check the robustness of the model, k-fold validation has been performed, showing the consistency of the model in the performance. In k-fold validation, original data samples are equally divided into k subsamples. For the testing of the model, first a single subsample is retained, with the left k -1 subsamples being used as training data. Here, tenfold crossvalidation is used. The performance of k-fold cross-validation is presented in Fig. 3 , showing that model performance is consistent.
Experimental results and managerial implication
The study explores the machine learning classification models and artificial bee colony algorithm; this predicts online consumer repurchase intention on the basis of consumers' characteristics and online shopping malls' attributes. The prediction results of five machine learning classification models are analyzed and run on their default parameters as mentioned in Table 5 . Table 10 illustrates the accuracy for all models on 70-30 training-testing partitions. From the results, it is evident that AdaBoost has the highest sensitivity (0.95%) and accuracy (97.58%) on the training-testing partitions, respectively. The results confirm that AdaBoost outperforms the other learning models for predicting the repurchase intention of the consumer in the context of shopping mall attributes and consumer characteristics. The ABC algorithm results show that the following consumer characteristics are important features for consumers during online buying, i.e., (1) customize products (X 3 ), (2) the best quality products (X 5 ), (3) fast purchasing (X 7 ), (4) confusion availability of many online store (X 8 ), (5) value for money (X 12 ). Some shopping mall characteristics are also important, i.e., (1) 24 9 7 online shopping facilities (Y 3 ), (2) online reputation (Y 5 ), (3) price comparison (Y 7 ). The ranking of these features is (
according to threshold values [0.01 (the parameters of important features This study offers both theoretical and practical implications. For a theoretical contribution, this study has narrowed the gap in previous studies in terms of developing a Table 7 Correlations and measure of sample adequacy 0.545 prediction model related to consumer repurchase intention based on considering consumer characteristics and online shopping mall attributes. From a practical perspective, the study ranks the features of consumers and shopping malls on the basis of consumer data. The rank shows that with regard to shopping mall features, 24 9 7 online shopping facilities is the most important feature for consumers followed by online reputation then price comparison. This indicates that consumers are very conscious about 24 9 7 facilities available from service providers on their online platforms. Therefore, to increase their repurchase intention, the online service provider must think how to make their facilities more efficient, comfortable and flexible for consumers. Online reputation of the service provider also plays a very vital role for consumers; therefore, service providers must consider how they can increase their reputation on an online platform so that the trust of the consumer will increase. The third factor for malls to tackle is the importance for consumers regarding price comparison. The management of online shopping malls must think about this facility. The ultimate objective of the service provider is to find ways to increase repurchase consumer intention. Analysis of this study shows that consumers are much more conscious about online shopping attributes compared to their personal characteristics. The management of shopping malls should accept this and think about how to improve certain features; this will definitely impact on consumer repurchase intention. On the other hand, the consumer wants to buy necessary products online; they are much more aware about established products, the best quality products, fast purchasing of their products and value for money. A drawback arises due to the confusion caused by the number of online stores. This indicates that online shopping malls must think about how they offer products with the best quality according to customer needs so that after buying the product, the consumer feels that he or she has gotten value for their money. These days every business is facing intense market competition. Somehow they need to satisfy and retain their consumers. Because of this competitive race, businesses are offering greater numbers of products/services to their consumers leading to potential buyers getting confused because of too great a choice or information overload. Therefore, service providers must think about this and try to overcome this challenge. These findings can help e-vendors to minimize their promotional costs to the consumer, as well as to enhance their services according to the requirements of the consumers. Furthermore, these findings can be useful in developing more effective marketing strategies to anticipate the needs of customers. This will increase the profitability of the company in an online platform. 
Conclusion and future directions
In this study, online consumer repurchase intention has been investigated using intelligent techniques. The outcome of the study has several implications at theoretical and managerial level. Theoretically, the current study helps to fill the gap in current literature by predicting online consumer repurchase intention within the context of shopping malls and consumer characteristics using intelligent techniques. This study integrates characteristics of both consumers as well as shopping malls to predict consumer repurchase intention in the online platform. The experimental results have been analyzed through five machine learning classification models, i.e., decision trees A facility to see different lists of prices for specific products. This feature is related to the price consciousness of the consumer (C5.0), AdaBoost, random forest (RF), support vector machine (SVM) and neural network (NN) in different settings. In the partitions of data into 70-30 training-testing, among all models, the performance of AdaBoost has the highest sensitivity (0.95%) and accuracy (97.58%). The current study is focused on consumer characteristics and online shopping mall attributes, but other attributes such as the online reputation of e-service providers, web designing attributes, etc., could be investigated for future research. Moreover, ABC has been used to finalize the features; future research can be conducted to prioritize these attributes, opening a research window for multi-criteria decision-making investigators in this domain.
